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The quality of lighting installation performance has a direct impact on the traffic
safety of immersed tunnels. To effectively investigate and judge the traffic safety of
immersed tunnels having different lighting installations, a traffic safety assessment
method for immersed tunnels based on lighting performance degradation was put
forward in this study by using big data technology. Numerical simulation was used
to simulate the lighting environment in an immersed tunnel under different
conditions of lighting performance degradation, conduct the small target
recognition test in a physical tunnel, and calculate the traffic safety factor;
then, a real-time kinematic assessment model of traffic safety in immersed
tunnels was built in combination with the key index factors influencing lighting
installations in immersed tunnels. The test results showed that the performance
degradation of lighting installations positively correlated with the visual cognition
of drivers and passengers. long short-term memory neural network model can
effectively assess the traffic safety of immersed tunnels, and the root mean square
error (RMSE) and coefficient of determination of the model were separately
1.029 and 0.95, which were superior to the RMSE and coefficient of
determination of random forest and recurrent neural network model, and the
running time was often less than 1min, complying with the rea; -time assessment
requirements; the boundary value of the traffic safety factor of immersed tunnels
was 0.6304, and if a value was less than the boundary value, it indicated that the
performance of lighting installations was not good and might pose a threat to
traffic safety. The research results provided a new perspective for the status
assessment of lighting installations in immersed tunnels and also offered a
theoretical basis for fine maintenance and repairs of lighting installations.
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1 Introduction

In China, immersed tunnels provide convenience for the production and life of travelers
in crossing rivers and deep sea, and the operating safety of immersed tunnels is always the
focus of people [1, 2]. In an immersed tunnel, nearly 80% of traffic information is obtained
through vision. To provide a lighting environment for immersed tunnels, lighting
installations shall uninterruptedly operate 24 h a day, so the quality of their performance
has a direct impact on the traffic safety of immersed tunnels [3, 4]. The lighting installation
performance is correlated with its components and parts as well as the operating
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environment. The ventilation and heat dissipation in an underwater
immersed tunnel are limited and the humidity and salinity in it are
relatively high [5, 6], causing more serious damage to the electrical
parts in a lighting installation.

And meanwhile, pollutants produced by traffic in the tunnel
adhere to the surface of lighting installations [7–9], which will also
result in the performance degradation of lighting installations and
even cause a failure of lighting installations.

The maintenance and repair of immersed tunnels can retard the
performance degradation of lighting installations, but the existing
research into the maintenance and repairs of tunnel lighting
installations and the relevant specifications continue to follow the
standard for highway tunnel assessment; the availability of
equipment is used as the unique indicator of status assessment to
develop the plan of maintenance and repairs [10], and there is a lack
of theoretical research into different maintenance contents of
lighting installations under different performance conditions. In
the immersed tunnel lighting design, the maintenance factor will be
determined, but it is easy to cause redundancy in preliminary
lighting and inadequacy of later lighting and different immersed
tunnels and different types of lighting installations vary greatly
[11–13], and the method of established indicators and empirical
discrimination cannot accurately determine the performance status
of lighting installations and it is difficult to effectively carry out fine
maintenance and repairs, bringing a hidden danger to traffic safety
of immersed tunnels.

The research into the facility performance degradation is mainly
applied to the key fields of science and technology, such as
aerospace, nuclear power and large internal combustion engine
in the early years [14–16], and as the information technology
develops and the data acquisition and mining technology
becomes mature, the facility performance degradation has been
gradually applied to other fields, including wind power [17, 18],
mines, E&M and mechanical engineering [19–22]. XU Zhen et al.
utilized the Internet of Things (IoT) technology to collect tunnel
E&M equipment information, build an operating state judgment
model of tunnel E&M equipment, a monitoring state assessment
model of tunnel E&M equipment and a medium-term prediction
model for the use of key tunnel equipment, and comprehensively
analyze the technical status of tunnel E&M equipment [23]; Zhang
et al. and JIN Yinli et al. analyzed and established the weights of
influencing factors in different layers according to the structural
characteristics and maintenance quality status of the highway E&M
system equipment, and used the analytic hierarchy process (AHP)
and the fuzzy mathematics theory to comprehensively evaluate the
operation of E&M system facilities [24, 25]. Cui et al. analyzed the
law of variations in the performance of E&M equipment with the
operating life, deduced the hierarchy standard system, calculated the
importance of various standards with the Delphi method, and built a
fuzzy synthetic evaluation model (FSEM) [26]; ZHU Liwei put
forward 4 types of real-time recognition models based on the
data transfer path of the highway tunnel E&M system equipment
and the topology of corresponding functions for the operating status
of functions of the highway tunnel E&M system [27]; ZHANG
Jianping et al. put forward a data model for optoelectronic facility
luminance attenuation based on Weibull distribution and simulated
the law of facility performance degradation with the parameter
fitting method [28]. However, the existing monitoring data have not

been effectively used, resulting in a waste of monitoring data. At the
same time, there is relatively little research on the impact of
electromechanical facilities or lighting facilities failure on tunnel
traffic safety, and the impact of lighting facilities performance
degradation on traffic safety is even blank. Therefore, how to tap
the impact of performance degradation of lighting installations on
traffic safety of immersed tunnels without influencing normal traffic
operation according to the existing monitoring data is the key to the
current traffic safety assessment of immersed tunnels.

In this study, the research into the law of variations in the
performance degradation of lighting installations and the lighting
environment of immersed tunnels was conducted according to
numerical simulation and field test data, and based on the results
of small target recognition, the traffic safety factor of immersed
tunnels was established; based on the key indicators influencing the
performance degradation of lighting installations, the LSTM neural
network was utilized to build a traffic safety assessment model of
immersed tunnels to realize the real-time kinematic assessment of
traffic safety of immersed tunnels. The research results can be
directly applied to the fine operation and maintenance of the
lighting facilities in immersed tunnel, which can fully perceive
the advantages and disadvantages of lighting facilities in real
time, accurately determine the driving safety under the action of
lighting facilities, and ensure the safe operation of the tunnel.

2 Impact of the lighting performance
degradation on traffic safety

The performance degradation of lighting installations in an
immersed tunnel will change the lighting environment in the
immersed tunnel, which will affect the visual discrimination of
drivers and passengers. At present, the performance evaluation of
lighting installations in immersed tunnels is mainly carried out
through regular spot check of pavement luminance from local areas,
but due to the influence of harsh environment and exhaust gas
pollution, the performance of lighting installations is subject to
continuous and kinematic degradation, and the traditional
evaluation methods are difficult to effectively judge tunnel
pavement luminance and traffic safety. Consequently, the
methods of numerical simulation and simulation test are used to
simulate the traffic safety of immersed tunnels at different degrees of
performance degradation, establish the traffic safety factor of
immersed tunnels and realize the traffic safety assessment of
immersed tunnels in this paper.

2.1 Simulation of lighting performance
degradation

2.1.1 Simulation model building
The model uses DIALux4.13, which is the software for

professional lighting design, to calculate and analyze the
luminous effect of tunnel pavement under the performance
degradation of lighting installations in immersed tunnels; the
cross section dimensions of the model are the same as the actual
tunnel dimensions, and the tunnel clearance is 7.25 m and the width
is 12.75 m, the lane width is 3.75 m, and a 0.75 m overhaul access is
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reserved on each of left and right sides. For the actual engineering
pavement, the porous asphalt pavement is designed; the pavement
reflection characteristic is set to be R3 (which is predominantly
diffuse reflection, with some mirror reflection), the pavement
reflectivity is 0.22, the glossiness is S1 1.1, the wall reflectivity
below 2.75 m on both side walls is set to be 0.7, and the average
luminance coefficient is Q0 0.07. The schematic diagram of the
tunnel model is shown in Figure 1.

The 60W LED lamps are used for lighting simulation, with the
interval of lamps of 4.5 m, The initial luminous flux of LED lamps is
7,200 lm, the correction factor is 0.98, the mounting height of lamps
is 5.5 m, the normal angle of the luminous surface of lamps is the
same as that of the vertical surface, and the consistent dip angle of
lamps is kept.

For the grid in the lighting installation testing area, the
computational grid of pavement illuminance and luminance
with a longitudinal length of 27 m and a transverse length of
7.5 m is laid, and the grid computation size is 30 × 20. There are
20 transverse calculating points and 30 longitudinal calculating
points in the grid.

2.1.2 Simulation results and verification
In DIALux software, the luminous flux of luminaires is set to

simulate the results of performance degradation of lighting
installations. To verify the accuracy of calculated results of the
simulation model, the grid method was adopted to test the
lighting environment of the pavement of a physical immersed
tunnel in this paper, and the longitudinal length of the testing
area was 10m, the transverse length was 7.5 m, and the measuring
space was 1 m. The pavement illuminance and uniformity were

tested at 100% of luminous flux and the results were compared with
the numerical simulation, as shown in Table 1.

It can be seen from the table that the relative error between the
measured results of the pavement luminance in the middle section of
the immersed tunnel and the average illuminance of simulation results
in DIALux software is 0.08%, the relative error of uniformity of
luminance is 1.93%, and the relative error of longitudinal uniformity
was 2.13%, indicating that there is a small difference between the
measured pavement illuminance of immersed tunnels and the results
of numerical simulation, and the simulation results aremore accurate.

In the simulation model, the results of tunnel pavement
luminance at different luminous fluxes (i.e. 100% (without
performance degradation), 90%, 80% and 70%) were separately
simulated. According to the requirements of LED lighting, the
lighting installations will fail if the luminous flux is less than 70%
[29], so such simulation is not conducted. The immersed tunnel
luminance is divided by colors, and the results of luminance
simulation of lighting installations in an immersed tunnel are
shown in Figure 2.

It can be seen from Figure 2 that the illuminance of tunnel
pavement and overhaul access is significantly decreased with a
reduction in the luminous flux of lighting installations in the
immersed tunnel, and an insignificant change occurs in the
illuminance of tunnel top and side walls, with the relative error
of less than 5%, and the performance degradation of lighting
installations in the immersed tunnel has a great impact on the
tunnel pavement illuminance.

2.2 Small target recognition

The nature of traffic safety is that drivers can drive correctly
according to the tunnel obstacles in front of them [30, 31]. In this
paper, the small target recognition test was carried out for lighting
installations under different performance degradation conditions to
analyze the recognition of small targets by different drivers, which
was the basis for traffic safety evaluation. The length of the LED
lighting fixture installed in the test tunnel is 100m, and its light
distribution curve, layout height, spacing and position are the same
as those in the simulation. As recommended by the International
Commission on Illumination, a small cube with the size of 0.2 m ×
0.2 m × 0.2 m and the surface coefficient of 0.2 was used as the small
target [32]. The testing personnel recognized small targets under the
following conditions: different distances and various tunnel
pavement luminance environments. The visual height of the test
personnel is 1.2 m. The components of recognition are shown in
Table 2.

FIGURE 1
Schematic diagram of tunnel simulation.

TABLE 1 Comparison between measured illuminance results and simulated illuminance results.

Indicator Average illuminance Uniformity ratio of illuminance Longitudinal uniformity

Measured result 208.1 0.52 0.94

Simulation result 226.4 0.53 0.96

Absolute error 18.3 0.01 0.02

Relative error 0.08% 1.93% 2.13%
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In consideration of the speed limits in the immersed tunnel,
the stopping sight distance at different speed limits, including
100 km/h, 80 km/h and 60 km/h was used as the optimal
obstacle avoidance distance, and testing personnel made
observations at 158m, 100 m and 56m; the stepless dimming
method was used to adjust the pavement luminance in a tunnel
and simulate the performance degradation of lighting
installations in an immersed tunnel. A total of 29 testing
personnel aged between 22–25 were involved, with the visual
acuity of above 1.0 and without other vision problems, and the

visual height was 1.2 m. After the completion of small target
recognition by testing personnel, the small target visibility was
identified according to the table of recognition components; the
results are shown in Figure 3.

2.3 Traffic safety factor

The results of small target recognition are acquired through
the qualitative description of drivers, but the qualitative
description is relatively abstract, so it cannot accurately describe
the degree of traffic safety and shall be transformed into the
quantitative expression of results. Therefore, the results of small
target recognition by testing personnel were y � Clear,{
Relatively clear, Fuzzy, Invisible} transformed successively into
�y � 4, 3, 2, 1{ } in this paper. If the recognition result was “clear”,
the membership degree was 1; if the recognition result was
“relatively clear”, the membership degree was 0.8; if the
recognition result was “fuzzy”, the membership degree was 0.01.
The large Cauchy distribution and logarithmic functions were used
as the membership functions with the method of continuous
quantization, to get the expression of traffic safety factor:

f x( ) � 1 + 1.109 x − 0.894( )−2[ ]−1 1≤ x≤ 3
0.695 ln x − 0.036 3≤ x≤ 4

{ (1)

The results of small target recognition by 29 testing personnel in
different conditions were put into the traffic safety expression to get
the traffic safety factors in different conditions; the results are shown
in Table 3.

3 Traffic safety assessment model of
immersed tunnels

At present, the grid method is used to detect the pavement
luminance of the lighting installations in immersed tunnels and
judge the functional status of the lighting installations in immersed
tunnels, but there are problems in such detection, including long
interval time, interference with traffic and small scope of detection,
so it is difficult to effectively judge them in real time. Therefore,
based on the traffic safety factors of immersed tunnels under
different degradation conditions, a traffic safety assessment model
for immersed tunnels was formed in this paper through the analysis
of performance degradation status data of lighting installations in
immersed tunnels under the influence of environment and electrical
factors.

3.1 Indicator extraction

Given that there are many factors influencing the performance
degradation of lighting installations, the multi-sensor technology is
used to collect the changes in various index factors of lighting
installations, and based on the correlation between performance
degradation of lighting installations and various influencing
indicators, the index factors with high correlation are acquired
and used as the key influencing index factors, and the correlation
expression is as follows:

FIGURE 2
Results of luminance simulation of lighting installations in an
immersed tunnel.

Frontiers in Physics frontiersin.org04

Yang et al. 10.3389/fphy.2023.1159531

https://www.frontiersin.org/journals/physics
https://www.frontiersin.org
https://doi.org/10.3389/fphy.2023.1159531


r � cov xa, xb( )��
σ2a

√ ��
σ2b

√ �
∑n−1
i�1

xa − �xa( ) xb − �xb( )����������������������∑n−1
i�1

xa − �xa( )2 ∑n−1
i�1

xb − �xb( )2
√ (2)

Where r is the correlation coefficient between a and b; σa and σb
are the standard deviations of Indicators a and b; �xa and �xb are the
average values of Indicators a and b.

3.2 Traffic safety assessment model

The correlation among the key indicators influencing the lighting
installations in immersed tunnels, the performance degradation of
lighting installations and the traffic safety factor is comprehensively
analyzed, the dataset of key indicators of lighting installations and traffic
safety factors is reconstructed, and the artificial intelligence (AI)
algorithm is used to carry out the traffic safety assessment of
immersed tunnels. Currently, there are many frequently-used status
assessment methods, including grey correlation theory, fuzzy theory,
machine learning and neural network [33–35], and with the strong
learning ability and generalization ability and the flexible model
structure, the neural network is widely used for judgment,
prediction and evaluation. The performance degradation process of
lighting installations is a time-sequence process, so the long short-term
memory (LSTM) neural network in the neural network algorithm was
employed in this paper to build a traffic safety assessment model for
immersed tunnels [36, 37], and the basic steps are shown.

step1: Build the LSTM neural network, and initialize relevant
parameters, such as weight ω and bias (b) of each node in the
network, activation function, computational accuracy (l) and
number of iterations (n);

step2: Input the dataset (D) in the neural network, abandon the
input of information in the forget gate layer, which is unacceptable
for the performance degradation indicator data of E&M equipment
in the hidden layer at the previous moment, control the input of new
indicate data in the input gate layer, determine the data information
to be updated, and calculate the output results of the neural network
in the output gate layer;

step3: Compare the actual traffic safety factor and the status results
of model prediction, and calculate the loss function E;

step4: If the loss function E is less than the setting value, it indicates
the completion of training; otherwise, use the gradient descent to
update the weight and bias in the neural network, and then return to
Step (2) and recalculate it;

step5: After the end of training, obtain the status assessment model
for E&M equipment performance degradation.

TABLE 2 Component of visual cognition.

Level Clarity Detailed description

Level I Clear Be able to clearly and directly discover the details, contour and shape of small targets

Level II Relatively clear Be able to discover small targets and recognize the contour clearly

Level III Fuzzy Not be able to directly discover small targets and recognize the contour fuzzily

Level IV Invisible Fail to detect any small target at all

FIGURE 3
Results of small target recognition.
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The LSTM neural network uses the structure containing input
gate layer, forget gate layer and output gate layer to substitute for the
hidden layer nodes of the traditional neural network, and the
network structure is shown in Figure 4.

The forget gate layer reflects the level of acceptance of the neural
network to the previous hidden layer status ht−1 and the current
input status xt, and its expression is as follows:

lt � σ Wl• ht−1, xt[ ] + bl( ) (3)
Where σ is a sigmoid function; W and b are weight and bias,

respectively.
The input gate layer is composed of two parts: Part 1 is to

determine the data information (pt) to be updated (see Eq. 4), and
Part 2 is to create the alternative status (ct) through the tanh layer
(see Eq. 5).

pt � σ Wp• ht−1, xt[ ] + bp( ) (4)
ct � tanh Wc• ht−1, xt[ ] + bc( ) (5)

Based on the output of forget gate layer and input gate layer as well
as the network status Ct−1, the status expression is updated as follows:

�c � lt•ct−1 + pt•ct (6)
The output gate layer determines the output value according to

the network status, and through the output of tanh layer and
sigmoid layer, ot , as expressed by Eq. 7, determines the output
of the hidden layer, ht , as expressed by Eq. 8.

ot � σ Wo• ht−1, xt[ ] + bo( ) (7)
ht � ot•tanh ct( ) (8)

3.3 Analysis of model results

To realize the evaluation of model results, the root-mean-square
error (RMSE) was introduced in this paper to evaluate the model
results, and the expression is as follows:

TABLE 3 Traffic safety factors in different conditions.

Driving speed (km/h) Lamp degradation (%) Average illuminance (lx) Traffic safety factor

100 100 208.1 0.77

100 90 192.4 0.74

100 80 174.3 0.68

80 90 192.4 0.79

80 80 174.3 0.75

60 70 149.7 0.64

. . . . . . . . . . . .

FIGURE 4
LSTM neural network structure.
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RMSE �
������������
1
n
∑n
i�1

yi − ŷi( )2√
(9)

Where yi and ŷi are true value and predicted value, respectively.

4 Test verification and discussion

4.1 Data source

Normally, the performance degradation process of lighting
installations is characterized by long duration and varying
environments. In this paper, the accelerated test data were used
to obtain the degradation of lighting installations under different
conditions, and combined with the traffic safety factor and the
degradation of lighting installations, the data results were
reconstructed, with the data size of 1,476 entries.

4.2 Data preprocessing

4.2.1 Data standardization
As one of the frequently-used methods of LSTM to solve the

data fitting problems, data standardization is mainly used to
eliminate the impact caused by the difference in the order of
magnitude between different indicators, with the aim to make
weight configuration more reasonable, accelerate data
convergence and enhance the accuracy of data analysis, so the
z-score method is employed for standardization in this paper,
with the following expression:

y � xi − �x�����������
1
n ∑n
j�1

xj − �x( )2√ (10)

4.2.2 Key indicator extraction
Given that different indicators have different impacts on the

traffic safety of immersed tunnels, the analysis of key indicators and
the traffic safety assessment of immersed tunnels are carried out to
effectively increase the accuracy of assessment results. In this paper,
the correlation between various assessment indicators and the traffic
safety factor of tunnels was analyzed and the key indicators
influencing lighting installations were extracted. The correlation
coefficient (r) of various indicators is shown in Figure 5.

It can be seen from Figure 5 that the influencing indicators
strongly correlated with the traffic safety factor (r> 0.7) include
voltage, temperature, humidity and Lamp degradation.
Consequently, voltage, temperature, humidity and Lamp
degradation were used as the assessment indicators in this paper
to realize the traffic safety assessment of immersed tunnels.

4.3 Optimization of model parameters

In the neural network, the mean square error (MSE) or the mean
absolute error (MAE) is often used as the loss function, but MSE is
sensitive to abnormal values and the process of abnormal values
might affect the integrity of actual data, so MAE was used as the loss
function in this paper.

When a performance degradation assessment model for
lighting installations is built, model optimization shall be
carried out. The relevant parameters of LSTM were set,
such as sample size (samples), time step (time_steps) and
batch size (batch_size), the LSTM assessment models with
different times steps and different batch sizes were built,
and MAE was utilized for verification; the results are shown
in Figure 6.

It can be seen from Figure 6 that when the time step remains
unchanged, an increase occurs with the batch sizes, and the MAE
value is gradually increased; when the data batch remains
unchanged, an increase occurs with the time steps, and the MAE
value is increased and then decreased. To acquire a more accurate
data model, the time step of 8 and the batch size of 32 were selected
as the model parameters in this paper.

FIGURE 5
Correlation coefficient of each indicator.

FIGURE 6
MAE value with different steps and batch sizes.
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The number of hidden layers and the number of nodes are the
key parameters of LSTM, so an appropriate selection of the
number of hidden layers can improve the accuracy of data
results. Model optimization was conducted for the neural
network models with different hidden layers (1, 2 and 3) and
different hidden layer nodes (5, 15, 20 and 25), and the number of
iterations was set as 100. The MAE values under different
parameters are shown in Figure 7.

Based on the figure of errors of different LSTM network layers, it
can be seen that the minimum assessment error occurs when the
number of hidden layers is 3 and the number of hidden layer nodes
is 5. If the number of network layers remains unchanged and the
number of nodes is increased, the MAE value will be gradually
increased; if the number of nodes remains unchanged and the
number of hidden layers is increased, the MAE value will be
gradually decreased, but an increase in the number of hidden
layers will lead to an increase in training and evaluation time.
Therefore, in consideration of model accuracy and a reduction in
model running time, the number of hidden layers is finalized to be
2 and the number of hidden layer nodes is finalized to be 5 to build
the assessment model.

To select an appropriate optimizer, Adagrad, Adadelta, RMSprop
and Adam were analyzed and compared in this paper, and the time
step was set as 8. The training results are shown in Figure 8.

It can be seen from the diagram that as the number of iterations
increases, the loss function of the LSTM model in each optimizer is

gradually reduced, and as the model loss function of the optimizer,
Adam and RMSprop decline at the fastest pace, and when the
number of iterations is 50, the loss function of the model with Adam
as the optimizer is 0.0416, which is the minimum value, so Adam is
selected as the model optimizer.

4.4 Analysis of model results

In this paper, the dataset of lighting installation tests was randomly
divided into a training set and a test set. The training set data accounted
for 80% of the dataset, while the test set accounted for 20%. The training
set was put into the traffic safety assessment model for immersed
tunnels, and its error function values and data prediction results were
shown in Figures 9, 10.

It can be seen fromFigure 9 that in the first 26 iterations in the process
of algorithm iteration, the model error value decreases rapidly, and in the
subsequent iteration process, the error value decreases steadily until it is
close to zero, and the model fitting process is gradually convergent; in

FIGURE 7
MAE values under different hidden layer parameters.

FIGURE 8
MAE values by using different optimizers.

FIGURE 9
Error function value.
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Figure 10, the true value and predicted value in the training fitting results
show a consistent trend of variations, with a relatively small error value,
indicating that the model prediction results are better.

To ensure the accuracy of the traffic safety assessment model for
immersed tunnels, the random forest (RF) and recurrent neural
network (RNN) models were separately compared with the LSTM
model in this paper. Test data are separately put into the RF and
RNN models to compare the calculation results of different models
(as shown in Figures 11, 12); the results of RMSE, R square and
running time are shown in Table 4.

It can be seen from Figures 11, 12 and Table 4 that, compared with
the RF andRNNmodels, the LSTMmodel can assess the traffic safety of
immersed tunnels more effectively, and its RMSE is relatively small and
the accuracy is relatively high (up to 95%), indicating that the predicted
values of the LSTMmodel is closer to the actual value in the process of
data prediction; the running time of the LSTMmodel is longer than that
of other models, but the running time does not exceed 1min, so the
model prediction time can completely meet the demand for the routine
traffic safety assessment of tunnels.

4.5 Discussion

The quality of luminous effect of lighting installations in
immersed tunnels has an important impact on the traffic safety
of drivers and passengers. From the perspective of visual needs of
drivers and passengers, the traffic safety assessment factor of
immersed tunnels was established in this paper by simulating the
characteristics of the tunnel lighting environment under different
performance degradation conditions of tunnel lighting installations
and according to the results of small target recognition by drivers
and passengers; combined with the key indicators influencing the
performance of lighting installations, the impact of the changes to
the operating environment of lighting installations in immersed
tunnels on traffic safety was explored in this paper. In the
performance degradation simulation of lighting installations, it is
difficult to simulate the production quality of different lighting
installations, it is believed that the law of performance
degradation of the same batch of lighting installations is
identical, the parameters of lighting installations set in numerical
simulation are identical, and the performance degradation
simulation of luminous flux is identical. As a result, there might
be an unavoidable error between the actual impact of performance
degradation of lighting installations on the pavement lighting
environment and the simulated performance degradation results.
In a field test, the small target recognition test under dynamic traffic
is not carried out for the sake of the safety of drivers and passengers
when they dynamically recognize small targets, and testing
personnel are stationary relative to a small target and recognize
the small target in a physical tunnel, i.e. the surrounding

FIGURE 10
Data prediction results.

FIGURE 11
RF model calculation results.

FIGURE 12
RNN model calculation results.

TABLE 4 Comparison of calculation results of different models.

Model RMSE R Square Running time (s)

RF 7.563 0.89 27.42

RNN 2.581 0.91 33.24

LSTM 1.029 0.95 47.81

Frontiers in Physics frontiersin.org09

Yang et al. 10.3389/fphy.2023.1159531

https://www.frontiersin.org/journals/physics
https://www.frontiersin.org
https://doi.org/10.3389/fphy.2023.1159531


environment is relatively stationary. There is a difference in the
ability of human eyes to dynamically recognize and statically
recognize objects, so the results of this study can offer relevant
support to traffic safety in real tunnels.

Through comprehensively considering the impact of the
operating environment and performance degradation of lighting
installations and the traffic safety, a data-driven traffic safety
assessment method of lighting installations in immersed tunnels
is proposed in this paper, and based on the analysis of the impact of
the performance degradation of lighting installations in immersed
tunnels on the pavement luminance and the recognition of drives
and passengers, the traffic safety factor of immersed tunnels was
put forward in this study to evaluate the safety of lighting
installations; a real-time kinematic traffic safety assessment
model for immersed tunnels was built on the basis of the
performance degradation of lighting installations in different
environments and under different electrical indicators, and the
traffic safety factor of immersed tunnels was dynamically predicted
according to the relevant parameters, such as voltage, temperature,
humidity and Lamp degradation. In this paper, the traffic safety
factor, at which 50% of the testing personnel could clearly
recognize small targets, was used as the boundary value, i.e.
0.6304, and if the traffic safety factor was less than 0.6304, it
indicated that the lighting performance of the immersed tunnel is
poor, and maintenance and repair measures could be taken to
maintain the lighting installations, e.g. regular replacement and
cleaning; if the traffic safety factor was higher than 0.6304, the
luminous flux could be reduced properly to meet the requirements
for traffic safety and lower the costs of lighting.

5 Conclusion

In this study, the traffic safety factor was proposed through the
analysis of the impact of the performance degradation of lighting
installations in immersed tunnels on the recognition status of drivers
and passengers, and a real-time kinematic traffic safety assessment
model was built according to the key index factors influencing the
lighting performance degradation of immersed tunnels, with the aim
to ensure the operating safety of immersed tunnels. The research
conclusions mainly include:

1) The performance degradation of lighting installations is of great
significance to the visual clarity of drivers and passengers and
even to the traffic safety through the simulation of the changes in
the tunnel pavement luminance and the small target recognition
by drivers and passengers under the performance degradation of
lighting installations in immersed tunnels. With the performance
degradation of lighting installations, the small target recognition
of drivers and passengers became weaker and weaker and the
traffic safety factor became small, and even it is difficult to detect
the existence of small targets.

2) Combined with the key indicators influencing the performance
degradation of lighting installations, a real-time kinematic traffic

safety assessment method for tunnels was proposed. The traffic
safety factor was predicted according to the key indicators
influencing the performance degradation, and the R square
and RMSE of this model were superior to those of RF model
and RNNmodel, so it could better predict the traffic safety factor
of tunnels; meanwhile, the speed was predicted to be within
1min, meeting the requirements for the real-time kinematic
assessment of immersed tunnels.

3) In this study, the traffic safety factor could quantitatively evaluate
the performance status of lighting installations in immersed
tunnels, and according to the small target recognition by
testing personnel, the traffic safety boundary condition was
put forward, i.e., the traffic safety factor was 0.6304, providing
a new direction for the maintenance and repairs of the immersed
tunnel management entity.
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